We present a novel region-based matching approach for automatic 3D face recognition which is robust to facial expressions, facial hair, illumination changes and large occlusions. Each 3D face in the gallery is segmented offline into three disjoint regions, namely eyes-forehead, nose and cheeks. Recognition is performed on the basis of only the eyes-forehead and nose regions to avoid the effects of expressions and artifacts that occur in 3D faces due to a mustache or beard. These two regions of the gallery are matched with a probe using a modified version of the ICP algorithm and their matching scores are fused. The identity of the gallery face which gets the highest score is declared as the identity of the probe. Experiments were performed on the UND Biometrics Database which is so far the largest known database of 3D faces. We achieved a combined identification rate of 100% and a maximum verification rate of 99.42%. Our results also show that the eyes-forehead is the most significant region for 3D face recognition with individual identification and verification rates of 97.32% and 97.25% respectively.
Introduction
Biometrics are physiological (e.g. fingerprints and face) and behavioral (e.g. voice and gait) characteristics used to determine or verify an individual's identity [4] . Verification is performed by matching an individual's biometric with the template of the claimed identity only. Identification, on the other hand, is performed by matching an individual's biometric with the template of every identity in the database. In this paper, we will use "recognition" as a combined term for verification and identification.
The face is an easily collectible, universal and non-intrusive biometric [15] . It is ideal for surveillance applications where fingerprinting or iris scanning is not possible. Zhao et al. [34] give a detailed survey of 2D face recognition algorithms and categorize them into holistic matching, feature-based (referred to as region-based 1 in this work) matching and hybrid methods. Holistic methods use the face as a whole for recognition. Examples of this method include the eigenfaces of Turk and Pentland [29] which use the Principal Component Analysis (PCA), the Fisherfaces [2] which use Linear Discriminant Analysis (LDA), methods based on the Independent Component Analysis (ICA) [1] , Bayesian methods [23] and Support Vector Machine (SVM) methods [26] . Neural networks [18] have also been used for holistic face recognition. The region-based methods extract regions like the eyes, nose and mouth and then match these for face recognition. These methods are based on the distances/angles between facial regions or their appearances. Examples of this category include [12] [27] . The graph matching approach [32] is one of the most successful region-based approaches [34] . Region-based methods can prove useful in case of variations (e.g. illumination and expression) in the images [34] . Hybrid methods use a combination of the first two approaches. One example is combining the eigenfaces, eigeneyes and eigennose [25] . Other examples include the flexible appearance model-based method [17] and [14] . It is believed that the hybrid approach has the potential to achieve the best results [34] .
2D face recognition is sensitive to illumination, pose variations, facial expressions [34] and make up. On the other hand, 3D face recognition has the potential for greater recognition accuracy and is capable of overcoming these limitations [7] . A brief survey of 3D face recognition algorithms include the following. Chua et al. [11] extracted point signatures [10] of the rigid parts of the face for expression invariant face recognition. They reported 100% recognition results but on a small gallery 2 of 6 subjects. Xu et al. [33] performed automatic 3D face recognition by combining global geometric features with local shape variation and reported 96.1% and 72.6% recognition rates when using a gallery of 30 and 120 subjects respectively. Lu et al. [19] [20] used feature detection and registration with the ICP [3] algorithm for 3D face recognition. They report a recognition rate of 96.5% [20] (using a gallery of 18 subjects) with manual feature detection and a recognition rate of 90% [19] (using a gallery of 10 subjects) with automatic feature detection. Medioni and Waupotitsch [21] also used a variant to the ICP algorithm for 3D face recognition and reported a recognition rate of 98% on a gallery of 100 subjects.
Multimodal face recognition which combines the 3D shapes of faces and their corresponding texture maps has also been investigated. These approaches generally perform separate matching on the basis of 2D and 3D faces and then fuse the results. Chang et al. [9] used a PCA-based approach for separate 2D and 3D face recognition and fused the matching scores. They reported a recognition rate of 93% and 99% for 3D and multimodal face recognition respectively. Their gallery (275 subjects) is believed to be the largest in 3D or multimodal face recognition experiments. Wang et al. [31] used Gabor Wavelet filters in the 2D domain and the point signatures [10] in the 3D domain and fused the results using SVM. They reported a recognition rate of above 90% on a gallery of 50 subjects. Bronstein et al. [8] proposed an expression invariant multimodal face recognition algorithm. They assume the facial surface to be isometric and flatten it to remove the expression effects. However, this process equally flattens all facial features irrespective of whether or not they change with facial expressions (e.g. it flattens the nose to some extent). This lowers the discriminating capability [16] of the faces, which is likely to cause deterioration of the recognition rate as the gallery size increases. A detailed survey on 3D and multimodal face recognition is given by Bowyer et al. [7] who conclude that there is still a need for improved sensors, recognition algorithms and experimental methodology.
We propose a novel region-based approach for robust 3D face recognition. The motivation behind our approach comes from three important findings in the 2D face recog- Figure 1 : The face area is detected in a 2D image (top left) and cropped. The corresponding area of the face in the 3D range image (bottom left) is also cropped. The cropped 3D face is then smoothed (column three) to remove the effects of noise.
nition survey of Zhao et al. [34] . One, that the upper part of the face is more significant for recognition compared to the lower part. Two, that region-based matching can prove useful in the case of expression and illumination variations. Three, that the eyes, the forehead and the nose are less sensitive to facial expressions compared to the mouth and the cheeks. Our approach simply extends these ideas to the 3D face recognition case. We also integrate face and skin detection with our algorithm to develop a fully automatic face recognition system. Note that prior attempts have been made to recognize 3D faces using regions or segments however these approaches performed a curvature based segmentation of the face (see [7] for details) as opposed to the region-based segmentation in our case. Moreover, the component-based face recognition proposed in [14] performs recognition on the basis of 2D components. Our approach can be considered as multimodal in the sense that it utilizes both 2D and 3D data. However, at present the 2D images are only used for face detection, landmark identification and skin detection. Recognition is performed purely on the basis of 3D faces. Our aim is to achieve the highest possible recognition rate using only 3D faces and ultimately fuse our algorithm with a 2D face recognition algorithm to further improve the recognition performance.
Offline Processing of the Gallery
The UND 3D face database [9] [13] contains multiple frontal snapshots of 277 individuals. Each snapshot includes the 3D range image of an individual's face along with its registered 2D coloured texture map. The resolution of both 2D and 3D images is 480 × 640 which is reasonable for 2D images but very high in the 3D case. Moreover, our recognition algorithm does not require high resolution range images. Therefore, we down sampled the 3D range images (by a factor of 1 4 ) to 240 × 320 by eliminating alternate rows and columns. Moreover, there are noticeable variations in the pose, expression and spatial resolution of the individuals' different snapshots [22] and most of the individuals Figure 2 : Six points are manually identified on a 2D face in order to segment the 2D and its corresponding 3D face into three regions i.e. eyes-forehead, nose and cheeks. were acquired up to their shoulder level ( Fig. 1 first column) . Therefore, an important preprocessing requirement was to detect faces in the snapshots. We used Viola and Jones' [30] algorithm for the detection of faces in the 2D images. The detected 2D faces as well as their corresponding 3D faces were then cropped ( Fig. 1 second column) .
The 3D faces were quite noisy and were therefore smoothed (see Fig. 1 second row) using Taubin's algorithm [28] (50 iterations). Next, the cropped 2D faces were used to manually identify six control points ( Fig. 2-a) . Note that it is irrelevant whether the identification of these control points is done manually or automatically, as this is performed offline. No manual intervention is required during the online recognition phase. Moreover, the offline manual process can also be replaced with an automatic feature detection algorithm [5] . The identified control points are then used to segment the 2D face (see Fig.  2 -b) as well as the corresponding 3D face (Fig. 2-c) into three disjoint regions i.e. the eyes-forehead, the nose and the cheeks. To remove the artifacts in the 3D eyes-forehead region because of hair and eyes [7] , we used a skin detection algorithm [6] to detect the skin pixels in the coloured 2D image of the eyes-forehead. The points in the 3D eyesforehead region which did not correspond to the detected skin pixels were removed. Fig. 3 illustrates the skin detection process. In this paper, we only used the eyes-forehead and the nose for region-based 3D face recognition since these regions are the least affected by facial expressions [34] and they also avoid the problems related to a mustache or beard.
Region-based Matching
During online recognition, the probe face is first detected in the 2D image using the algorithm of Viola and Jones' [30] . The detected face in the 2D image and its corresponding 3D data are then cropped. This is followed by the smoothing [28] of the 3D face and skin detection [6] as described in Section 2. Next, the 3D probe face is matched with the re- gions (eyes-forehead and nose) of the gallery faces by registering the gallery regions one by one to the probe. Note that the online recognition process is fully automatic because a prior segmentation of the probe face is not required. Details of the eyes-forehead matching are given in Section 3.1 and that of the nose matching are given in Section 3.2. The individual matching scores are fused (see Section 3.3) to calculate the overall similarity of a gallery face with a probe.
Eyes-forehead Matching
The eyes-forehead of each gallery face is matched by registering it to the probe face. A prior segmentation of the probe face is not required. Registration is performed in two steps. First, the eyes-forehead of the gallery is coarsely registered to the corresponding region of the probe. This initial registration is very coarse and is performed by aligning the centroid of the gallery eyes-forehead to the centroid of the upper two third region of the probe face 3 . This coarse alignment provides an initial estimate which is sufficient for onward refinement with our modified version of the ICP algorithm [3] (explained below in this section) in the second step. Fig. 4-a-b show the initial coarse registration of a gallery eyes-forehead to a probe using the above approach. The coarse registration was performed after rotating the probe by 20 o each about the x,y and z axes. Notice the significant registration error between the two range images. However, the refinement process successfully reduces this error and converges to a global minimum in Fig. 4 -c-d. Our registration approach produces reliable results (see Section 4) because of the following reasons. One, our modified ICP algorithm refines the coarse registration hierarchically in order to cater for large initial misalignments. Two, because of its unique structure, it is highly unlikely that the eyes-forehead region will get stuck in a local minimum and therefore it does not require a good initial coarse registration for onward refinement with our modified ICP algorithm. This is in contrast to the case of registering two complete 3D faces (e.g. in the case of [19] [20] [21] ), which may easily get stuck in a local minimum if the initial coarse registration is not accurate.
Our modified ICP algorithm proceeds as follows. First, a high threshold (equal to 4d r , where d r is the resolution of the 3D probe) is chosen for establishing correspondences between the two data sets and the registration is iteratively refined till the number of correspondences reaches a maximum saturation value. Only those points of the two data sets which are closer (in 3D) than 4d r are considered corresponding in order to avoid establishing correspondences outside the region of overlap. Next, a more conservative threshold (equal to 2d r ) is chosen for establishing correspondences and the resulting registration is further refined. The stopping criterion is again the maximization of the number of correspondences. At the final stage, the stopping criterion is changed and the iterations stop when the registration error between the two range images stabilizes at a minimum value i.e. there is no significant change in the registration error for a pre-specified number of iterations. Moreover, correspondences are established between all pairs of nearest points except for those whose mutual distance is greater than the threshold (2d r ) in the xy plane only. Points which are close in the xy plane, but far in the z dimension 4 , are considered corresponding points. These points provide useful information regarding the dissimilarity between the probe and gallery eyes-forehead. The average registration error e F between the eyes-forehead and the probe is calculated using Eqn. 1.
In Eqn. 1, G Fi and P i are the corresponding points of the gallery eyes-forehead and the probe face respectively. R and t are the rotation matrix and translation vector that aligns the gallery eyes-forehead to the probe. n is the total number of corresponding points and d r is the resolution of the probe.
Nose Matching
The nose of each gallery face is matched by registering it to the probe nose. As in the case of the eyes-forehead, a prior segmentation of the nose region of the probe is not necessary. The registration in this case is also performed in two steps. First, the gallery nose is coarsely registered to the probe. Unlike the eyes-forehead region, the nose registration can easily get stuck in a local minimum in case the initial coarse registration is not accurate enough. Therefore, we used a more robust approach for the coarse registration of the gallery nose to the probe. We detected the ridge line [24] and the point of maximum slope of the gallery and probe noses and aligned them. The nose ridge is detected as follows. The probe face and the gallery nose are sliced horizontally at varying steps and a cubic spline is fitted into each set of sliced points (see Fig. 5-a) . A spline is used so that the peak of each slice can be accurately detected even if it lies in between two data points. Next, a line is passed through the peak points of all the slices using RANSAC. This line forms the nose ridge line as shown in Fig. 5-b . In the case of the probe, every slice may not contain the nose. Therefore, a decision is made based upon the curvatures of the spline, the length of sides and area of the triangle (Fig. 5-a) on whether or not the slice contains the nose. The point of maximum slope of each nose is detected as follows. The probe is vertically sliced at its detected ridge line, a cubic spline is fitted into the sliced points and the point of maximum slope is then detected in the spline (see Fig. 5-c) .
Once the gallery nose is coarsely registered to the probe, the registration is further refined with our modified ICP algorithm described in Section 3.1. However, in this case, Figure 5 : (a) A horizontal slice of a 3D face. The data points are interpolated with a cubic spline. The points of maximum slopes are detected and their midpoint is used to detect the peak of the spline. (b) A line is passed through the detected peak points using RANSAC to find the nose ridge of the 3D face (shown as point cloud). (c) The face is sliced at the ridge line to detect the point of maximum slope.
correspondences at the final stage are established in a similar way to the initial two stages. The average error e N between a gallery nose and a probe is calculated using the same Eqn. 1 (replacing e F by e N and G Fi by G Ni ).
Fusion
The errors e F and e N of each gallery face are fused using Eqn. 2 to calculate its overall similarity S with the probe. The identity of the gallery face with the highest value of S is declared as the identity of the probe. We tested three different fusion rules namely, sum, weighted sum and product and observed that the product rule (Eqn. 2) produces the best recognition results.
Results
We performed our experiments on the UND 3D face database [9] [13] comprising 2D/3D images of 277 subjects. The size of the gallery was 277 and the number of tested probes was 671. A single snapshot (2D and 3D face) per individual was used in the gallery. Recognition was also performed on the basis of matching a single snap shot of a probe with the gallery. Fig. 6 shows our identification results in the form of rank identification rate on the basis of individual and combined regions. Note that individually, the eyesforehead performed much better than the nose with a rank one identification rate of 97.3% compared to 81.8% in the case of the nose. At rank eight, the eyes-forehead reached 100% and the nose reached 98% identification rate. After fusion, a combined rank one identification rate of 100% was acheived. This can be compared with the recognition rate of 93% acheived by Chang et al. [9] on the same database when using a holistic 3D matching approach. Our recognition rates are reported assuming 100% face detection. The automatic face detection [30] rate in our experiments was 99.2%. The remaining 0.8% faces were manually detected. The above identification experiments amounted to 170909 (671 × 277) verification trials. Out of these, 671 were genuine (a probe was matched with its correct identity in the Figure 6 : Identification results. gallery) and the remaining 170238 were impostors (a probe was matched with an identity in the gallery other than its own). The verification performance of our algorithm was analyzed by calculating the genuine and impostor probability distributions ( Fig. 7 first row) and plotting the ROC (Receiver Operating Characteristic) curves (Fig. 7 second row) for the individual and combined matching results. Notice that the overlap between the genuine and impostor distributions gets smaller as we go from the nose to the combined scores. Moreover, the distance between the two probability distributions in the combined case is much greater than the individual cases. The ROC curves (Fig. 7 second row) show the false acceptance rates versus the false rejection rates. These rates vary with the selected threshold for verification. For comparison, we selected the threshold at which the sum of these two errors becomes minimum for a given ROC curve. With this criterion, the error rates (false acceptance + false rejection) were 6.91%, 2.75% and 0.58% for the nose, eyes-forehead and the combined case respectively.
Note that the above experiments were performed after down sampling the 3D faces of the UND database by a factor of 1 4 which shows a strength of our algorithm that it does not require high resolution scanners. Another important advantage of our region-based matching approach is that it can operate under large occlusions. In our experiments, the eyes-forehead region covered only 22.4% and the nose covered only 7.5% of the area of a face on average. Therefore, a probe face which is 77.6% occluded and whose eyes-forehead region is only visible can still be recognized by our algorithm with 97.3% accuracy. This is of great significance in surveillance applications where the complete face may not always be visible to the sensor.
Summary and Conclusions
We presented a novel region-based matching approach for robust 3D face recognition. Our algorithm is fully automatic and does not require any manual interaction during the online recognition process. Unlike most existing published work in the area of 3D face recognition, we performed our experiments using the largest available database of 3D faces. We achieved 100% recognition rate by matching only the 3D eyes-forehead and nose regions which is a crucial accomplishment in the area of expression invariant face recognition. In the future we intend to utilize the remaining information contained in the 2D images and the cheeks region using non-rigid matching techniques in order to further improve the verification performance. 
